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The bottom panel on the left illustrates that when a broad averaging window is 
used, samples near transition points can be erroneously classified as another 
activity (which is a mixture of the two activities on either side of the transition). In 
the simulations shown here, the activities were presented in a fixed sequence; thus, 
of all of the 45 possible (unordered) transitions, only 9 were represented. We ask 
the question, is it possible to devise a sequence so that every possible transition is 
sample once, and only once? While it may be a distracting tangential issue for the 
current work, it may be of value for experiments studying sequential dependencies 
of stimuli. 
 
For this particular case, we can represent each of the 10 activities as a node in a 
fully-connected graph. We wish to find a traversal of the graph that visits each 
edge once and only once. As was shown by Euler, there is no solution to this 
problem, because there are more than two nodes with an odd number of edges. 
However, it is possible to construct a circuit that traverses each edge twice, even if 
it is required that each edge be traversed in each of the two possible directions! The 
solution can be extended to uniform sampling of all possible tri-grams, etc.	
https://ntrs.nasa.gov/search.jsp?R=20190001880 2019-08-30T22:43:00+00:00Z
Discovery of activities via statistical clustering of fixation patterns
Jeffrey B. Mulligan, Human Systems Integration Division, NASA Ames Research Center
Eye movement patterns reflect task demands!
Images depicting data from Yarbus (1967), downloaded from http://www.cabinetmagazine.org/issues/30/archibald.php
Classic data from Yarbus showing different scan patterns resulting from observer instructions.
The image on the left shows data resulting when the observer was instructed to estimate the ages of the subjects, while on
the right the instructions were to estimate the material circumstances.
Summary
Activities with distinct eye movement signatures can be automatically identified from scan-
path data with reasonable accuracy.  As activities become more similar, longer observation
windows are needed in order to discriminate them.  Further work is needed to determine the
nature of real-life activities.
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The raw data:  symbol time series,
of Area-Of-Interest (AOI)  labels
The raw data can be represented as a matrix of time-series data, with one row for each AOI.  A value of 1
indicates a fixation at the corresponding AOI at a given time.  Averaging or “blurring” in the time domain
transforms the columns to proportions of time spent at each AOI during the integration window.
A simple model of human behavior
Clustering results for three window sizesCan we infer activities from eye movements?
Image of Boeing 747 cockpit from http://www.worldairroutes.com/AF747.html
 
Can we infer pilot activities from scan path data?  We would like to be able to know whether the
pilots are paying attention to the energy state of the aircraft, and other safety-critical parameters.
Previous approaches
Table from Anderson et al. (1967)
A method is desired that can be applied to area-of-interest (AOI) labels, targeting position and duration, that is insenstive to
temporal order, and is grounded in statistics.
Comparison using the chi-square statistic
The chi-square test assesses the null hypothesis that two sets of counts were produced by a single process
characterized by a set of probabilities for each event (AOI fixation).  For each AOI, the fraction of the
total fixations that are made to that AOI is computed.  These fractions are used to compute the expected
number of fixations to each AOI within each set, by multiplying the fraction times the total number of
fixations in the set.  The statistic is large when the observed values have large deviations from the values
expected under the null hypothesis.
Examples of a random activity with 10 AOIs
M        M2       M3       M4       M5       M6
Modeling activities as a first-order Markov process
Test case:  10 activities over 4 AOIs
The random activities illustrated above need long observation intervals in order to be discriminated.  We
investigated simpler, more easily discriminable activity models consisting of uniform probabilities of
visiting 2 or 3 of a total of 4 AOIs.
                                                                                         leave-one-out
                                                                               leave-two-out
400 seconds of behavior were generated by running each of the activities for 40 seconds.  The chi-square
test was then performed for various sizes of the temporal averaging window.  Shown below are the raw
chi-square statistic (left), and a mask displaying a black pixel where the corresponding statistic has a p-
value greater than 0.1.
Clustering
Clustering was performed using the p-value mask images as shown on the right above.  Clusters correspond to
groups of black pixels on the same row or column.  A method was developed to “grow” clusters from black
clumps along the main diagonal.
Creating stimuli with balanced transition statistics
The bottom panel on the left illustrates that when a broad averaging window is used, samples near transition points can be erroneously classified as
another activity (which is a mixture of the two activities on either side of the transition).  In the simulations shown here, the activities were
presented in a fixed sequence; thus, of all of the 45 possible (unordered) transitions, only 9 were represented.  We ask the question, is it possible to
devise a sequence so that every possible transition is sample once, and only once?  While it may be a distracting tangential issue for the current
work, it may be of value for experiments studying sequential dependencies of stimuli.
For this particular case, we can represent each of the 10 activities as a node in a fully-connected graph.  We wish to find a traversal of the graph that
visits each edge once and only once.  As was shown by Euler, there is no solution to this problem, because there are more than two nodes with an
odd number of edges.  However, it is possible to construct a circuit that traverses each edge twice, even if it is required that each edge be traversed
in each of the two possible directions!  The solution can be extended to uniform sampling of all possible tri-grams, etc.
Euler's 1735 reprinted in Newman (1956).  Screen capture from online book at https://archive.org/details/TheWorldOfMathematicsVolume1
